The novel two-dimensional (2D) 
Introduction
Researches on human image processing [1] point that such attributes as localisation, spatial orientation, and scale of image elements are a key in its perception. Results of sparse image representation also confirm this [2] . Hence, we may suppose that perception process is optimal in a way of sparse representation, localisation, orientation and scale representation of image elements. Many computer image analysis methods are based on this assumption [3] [4] [5] [6] . Some of them detect edges in different scales while other concentrates on spatial orientation of edges. Increasing details resolution significantly increases the number of calculation. Algorithms which speed up calculation create worse resolution. Our motivation is to develop a method of edge detection (extraction) which gives the information about scale and spatial orientation of edges in an image. At the same time, a method should not be time consuming.
Basic edge detection methods
Edges are defined as a change in a grey level or an intensity jump in the picture. They can be found by means of differential operators. Such operators use first and second order derivative to detect edges in an image but they do not give multi-resolution edge representation. Different altitude presents a Hough transform. The Hough transform localizes the regular curves such as lines or circles. It is resilient to noise or discontinuity of the edge but from the other hand it must transform the whole image. Fourier transform gives information about edges and its directional orientation occurred in an image but does not provide its localisation. A classical wavelet transform gives multi-resolution edges representation with edge localisation. Edge directional orientation is represented by three coefficients. Therefore wavelet representation is not optimum. Ridgelet transform represents an image using 2D function looking like straight ridges with various directional orientation. Thanks to this ridgelet, the transform allows for better representation of straight edges [7] . The nearest to the presented concept are contourlets and curvelets described below.
Contourlets
Contourlets offer sparse image representation including edges. Its sparse representation is due to parabolic scaling [3] . This means that wavelet supports must obey the principle, width µ length 2 . It denotes that when a wavelet support length is smaller twice, then width is smaller four times. Also with scale decreasing, the number of direction grows twice. Figure 1 
Image Processing Technology
Results of edge representation are better, comparing to Fourier transform or wavelets transform [4] . It is natural when we compare edge approximation schema of wavelets and contourlets.
Contourlets need fewer functions (represented in Fig. 2 as rectangles and squares) to approximate an edge than a classical wavelet transform.
Curvelets
Candes and Donoho in their work [6] tried to solve the problem of finding optimally sparse representation of objects with discontinuity along C2 edges. They proposed new curvelets constructed in the Cartesian coordinate system, obtained by parabolic scaling, rotation operator, and translation parameter.
In Fig. 3 , the areas denote frequency response of a single wavelet. They give orthogonal frame of 2D space. This frame is optimal for 2D discontinuities along C2 edges. The authors of Ref. 6 proved that the square error of the reconstruction f f M -2 using new curvelets decays faster than In this paper, we propose the novel 2D wavelet with natural anisotropic properties. This wavelet differs from contourlets or curvelets mainly because it is constructed in polar coordinate system and its properties can be "tiny tuned". It is easy to construct because it does not need rotation operator or translation parameter like curvelets. This 2D anisotropic wavelet gives similar orthogonal frame of 2D space like curvelets. We are able to extract an edge in images even with linear wavelet support scaling [8] . We developed also a novel edge extraction method. The proposed method detects edge gradient jump together with its spatial orientation. After localization of the intensity jump it follows along the edge if it exists. The special property is that wavelet scale depends on a distance to the polar coordinate system centre. Because of that it is possible to detect details in an image with different scale at once. Moreover, we process only a piece of image in the edge vicinity, so this method is fast. Other methods like Fourier, wavelets, contourlets or curvelets transform the whole image. To obtain details in a rough scale, transformation of the image in finer scales must be done. Our method extracts edge in a given scale.
2D anisotropic wavelet
We developed a novel 2D anisotropic wavelet. Single wavelet is constructed in a polar coordinate system as a product of Hann window function and Gauss wavelet.
Hann window function
We use Hann window function because of its construction simplicity and fast frequency response decay [9] . This property presents Fig. 4 Opto-Electron. Rev., 16, no. 1, 2008 A. Walczak 61 Fig. 2 . Edge approximation schema of wavelets (left) and contourlets (right) [5] . Fig. 3 . Curvelet tiling of the frequency plane [6] . Fig. 4 . Single Hann window function with its frequency response [9] .
This function can be scaled and translated. As a result we obtain a set of functions r a r a p
where s denotes the scale and n denotes the translation.
The window functions r s,n (a) divide the angle
0 2 into the bands. Angle division must obey
Example in Fig. 5 presents four Hann functions which divide the angle into four bands. Each Hann function has the scale s = 1 and appropriately the translations n = 0,1,2,3.
Gauss wavelet
Gauss wavelets are constructed as successive derivatives of a Gauss function. In this paper we use the first derivative of a Gauss function Figure 6 presents a single Gauss wavelet (first derivative).
This wavelet can be scaled and translated. As a result we obtain a wavelet set
where s denotes the scale and n the translation. Moreover, this wavelets set is the orthogonal base of L 2 (R) [10] . 
2D anisotropic wavelet
Single 2D wavelet is constructed as a product of a Hann window function and a Gauss wavelet. Window functions divide the angle a into the bands. The Gauss wavelet support is localized along the radius r y a r a y ( , ) ( ) ( ) r r = . Figure 8 presents a single anisotropic wavelet. , (7) where s a , s r , n a , n r ÎÂ, and s a , s r ³ 0, s a , s r , denote the scale along the angle and the radius, respectively, where n a and n r are the translations.
Scaling method
By applying the property of Eq. (2) and Eq. (5) into Eq. (6) and incorporating Eq. (7) we obtain the equation for 2D wavelet. Because a wavelet width is of about 2 sr and a length depends on the distance R from wavelet localization, regarded to polar coordinate system centre and the scale s a , therefore the normalized wavelet can be calculated as 
We can choose the scale and translation coefficients adequately to obtain wavelet support scaling as were shown in Fig. 9(a) . Figure 9(b) shows the corresponding frequency spectrum. From a scaling method we obtain the wavelet's frame of 2D space L 2 (R 2 ). Figure 9 presents the wavelet's supports scaling method. It obeys linear scaling relation length-width. Thanks to this we obtained the wavelet set which is able to detect details in an image with different scale and different spatial orientation.
Wavelet coefficients can be calculated from the equation 
where f(a,r) denotes 2D function (i.e., the image).
Reconstruction is also possible 
Wavelet properties
Wavelet has multi-scale and anisotropy properties:
• multi-scale property -this wavelet family has multiscale property which has been shown in This wavelets were obtained with dyadic scale a j = 2 , j Z Î . The wavelet with the bigger support has a spectrum with the lower frequency response. The wavelet with the smaller support has the higher frequency response. It illustrates that this wavelet family can be used to multi-resolution analysis.
• anisotropy property -more interesting is an anisotropic property. When a wavelet is translated by a given angle, then their Fourier transform is also rotated by this angle. Figure 11 presents two rotated wavelets (top images). As a result, their Fourier transforms (bottom images) are also rotated by the same angle.
Adaptive edge extraction method
The presented 2D wavelet, due to its multi-scale and anisotropy properties, was used to develop a novel edge extraction method. This method consists of two steps. In the first step we look for edge in the image. Once edge is found, we follow the edge. Figure 12 presents an idea of this method.
In the first stage 'A', edge is detected by an intensity jump. In the second stage 'B', an algorithm "walks" along the edge. A path is known because in 'B1' edge's direction it is detected by the wavelets with different directional orientation. The wavelet with the biggest coefficient gives the information about edge direction. In 'B2', an algorithm moves the wavelets along an edge. A direction of movement is anticipated from the wavelet coefficients obtained in 'B1' stage.
Gradient jump detection
A gradient jump in the image is searched in the grid points presented in Fig. 13 to detect all edges in the scale s r , the grid resolution must be equal to 2 s r . The grid points are analysed using a wavelet set with a given scale and varied orientations. A wavelet set quantity depends on the scale s a and is equal to For each n 0 ,..,n 7 wavelet, the coefficient g is calculated.
From a set of the coefficients, g max can be find (in the example, the wavelet n 5 has the maximum coefficient). If g max value is higher than the threshold, we assume that an edge gradient jump has been found (in the example, in the point P3). A threshold is set by a user and is expressed as percentage of the maximum coefficient value which is equal to one. Table 1 shows the wavelet coefficients calculated at the scale s a = 3. For this scale we have N a = 16 wavelets. The table contains its coefficients. The wavelet n 12 has the maximum coefficient, its value is g max = 0.37. Hence, an edge directional orientation can be estimated as 3/2p [rad].
Edge extraction
Once edge is detected, the algorithm starts to move wavelets along the edge. It moves them into two directions as we presented in Fig. 16 and in such a way the algorithm extracts the whole shape.
In each point P, the edge's orientation Q is estimated. An algorithm moves a wavelet's support perpendicularly to this orientation with the step k. In each step, the new position P' of an edge is calculated as in Fig. 17 . 
Results
The results are the following:
• edge detection, Fig. 18 , the points in central column represent the places where an edge has been detected. They are distant each other by an algorithm's step length. A line's direction in the right column means the direction in which an edge's gradient is changing.
• line with discontinuity, Fig. 19 presents algorithm ability to detect the edges with discontinuity. As it was shown, the algorithm correctly extracts a line.
• edge extraction in the image with noise, an example in Fig. 20 exhibits results of edge extraction in the image with noise. It presents also multi-resolution algorithm properties. The edge was extracted in two scales. In finer scales, small edge was detected despite high noise ratio. In bigger scale, only big line was detected.
• comparison with other edge detection methods, 
Conclusions
The presented 2D anisotropic wavelet can effectively approximate edges in an image as it is shown in the results. Moreover, is able to selectively detect edges in a given scale. The proposed edge extraction algorithm operates only on a part of the image, localised along detected edges. As a result, the number of data in calculation is much lower then in other methods, and finally the algorithm consumes much less time. The described algorithm can group the points with a gradient jump into edge's contour of the chosen scale. The proposed wavelet and algorithm allow us to achieve the aim which has been set as the motivation.
